A catastrophic landslide struck the Xiaoba village in Fuquan, Guizhou, southwestern China at about 8:30 p.m. (Beijing Time, UTC + 8) on August 27, 2014. The landslide and induced impulse water waves destroyed two villages and killed 23 persons. By reprocessing seismic signals from a seismic network deployed in the surrounding area of the landslide, we recognized the event from low-frequency seismic signals and subsequently performed a long-period seismic waveform inversion to obtain its force-time history. The inversion results reveal that the maximum force for the landslide is 5 × 10 9 N, and the duration of the landslide is 38.4 s. The landslide reached its maximum velocity of 12.4 m/s at 13.2 s after its initiation, and the mass center plugged into the quarry at 24.2 s. Based on the inversion results, we estimated basal friction of the landslide. We found the friction coefficient rapidly reduces to a relatively steady-state value of ~ 0.4 at a steady-state distance of 35 m and subsequently reduces in a near-linear manner that satisfies the empirical formula = −1.4d + 0.44 , where d is sliding distance in km. The reduction in friction revealed by the formula is compatible with the finding of previous studies for landslides of similar volume in landslide acceleration stage. However, our result does not make it possible for the friction coefficient to increase again in landslide deceleration stage that a velocitydependent friction law would allow. The friction variation patterns can be used to constrain input parameters in numerical landslide simulation, which can predicate runout distance and deposit areas for massive landslides to carry out landslide hazard assessment.
Introduction
Friction of a landslide is a key parameter to determine its velocity distribution, runout distance and deposit areas, hence controlling the disaster formation process. Friction weakening or reduction, resulting in unexpected long-runout for large landslides, has been widely reported (Lucas et al. 2014) and is believed to be caused by acoustic fluidization based on numerical simulation (Johnson et al. 2016) . Empirical laws for friction reduction with increasing landslide volume and sliding velocity have been proposed by coupling numerical modeling of landslides over the real 3D topography and comparing with either field observation of landslide deposits or seismic data (Lucas et al. 2014; Yamada et al. 2016a Yamada et al. , 2018 Delannay et al. 2017; Spreafico et al. 2018 ). However, we still need more case studies to support the friction reduction observed in former studies. Unfortunately, direct measurements for basal friction of large landslides are almost impossible to be carried out due to their unpredictability and destructiveness.
In the recent decades, broadband seismic signals are more and more frequently used in landslide research. The applications include determining the time and location of a landslide (e.g., Lin et al. 2010; Kao et al. 2012; Chen et al. 2013; Hibert et al. 2014b; Levy et al. 2015) , quickly estimating the volume and slide distance (e.g., Dammeier et al. 2011; Hibert et al. 2011; Yamada et al. 2012; Lin et al. 2015; Chao et al. 2016; Manconi et al. 2016) , and performing long-period waveform inversion to obtain force-time history of landslides (e.g., Moretti et al. 2012; Allstadt 2013; Ekström and Stark 2013; Yamada et al. 2013; Hibert et al. 2014a Hibert et al. , 2015 Moretti et al. 2015; Chao et al. 2017; Hibert et al. 2017a, b; Li et al. 2017 Li et al. , 2019b Kääb et al. 2018) . Studies show that quantitative extraction and analysis of landslide seismic signals can help to explain the key stages and processes of landslides and understand their inherent mechanism and geological characteristics (e.g., Favreau et al. 2010; Ekström and Stark 2013; Petley 2013) . In addition, based on landslide force history inversion, landslide basal friction can be directly estimated considering a block model (Brodsky et al. 2003; Allstadt 2013; Yamada et al. 2013; Zhao et al. 2015; Li et al. 2017) or obtained from combined analysis with numerical landslide simulation (Moretti et al. 2012 (Moretti et al. , 2015 Yamada et al. 2016a Yamada et al. , 2018 Kääb et al. 2018) , providing a novel approach to estimate dynamic parameters of landslides.
In this study, we first recognize the landslide from reprocessed seismograms and perform a long-period seismic waveform inversion to obtain its force-time history. We then estimate velocities and displacements of the sliding body from the inversion results to understand its movement characteristics. Finally, we calculate landslide basal friction coefficients and discuss their variation patterns with sliding distance.
The Xiaoba landslide
A catastrophic landslide occurred at about 8:30 p.m. (Beijing Time, UTC + 8, used throughout this paper) on August 27, 2014, in Fuquan, Guizhou, China. After the movement on the slope, the sliding mass plunged into the water-filled quarry in front, inducing impulse water waves that destroyed two villages, damaged 77 houses, killed 23 persons and injured 22 others (Xing et al. 2016; Lin et al. 2018) . As shown in Fig. 1a , the landslide consists of a source area and an accumulation area. The source area is located on a slope with an altitude between 1290 and 1410 m. By comparing topographic changes before and after the landslide, the total volume of the sliding mass is estimated to be 1.41 million m 3 . The accumulation area is located right in front of the slope with elevations ranging from 1286 to 1231 m. It is further divided into four subzones, i.e., zone a, b, c and d in Fig. 1a . Zone a consists of the quarry in front of the source area and part of the opposite slope at the southeast side and collects most of the deposited material with a volume of approximately 1.1 million m 3 . Zones b, c and d are located to the east of zone a, and their depositional volumes are 0.17, 0.15 and 0.2 million m 3 , respectively (Xing et al. 2016) . Field investigations, deformation monitoring and numerical analyses reveal that unfavorable geological structure in the source area was a determinant precondition, and the combined effects of excavation and continuous rainfall were essential factors that directly triggered the landslide (Lin et al. 2018 ).
Broadband seismic observations
No seismic event has been related to the Xiaoba landslide since seismic signals generated by the event are lacking in high-frequency energy (Fig. 2 ). We believe that high-frequency signals were generated during the landslide; but their energy was weak and decayed rapidly during the propagation. Therefore, they were not recorded by any seismic stations. When reprocessing seismic signals from a seismic network deployed in the surrounding area of the event, we paid more attention to long-period signals. Using a fourth-order Butterworth filter, we filtered the seismic signals in a frequency band of 20-50 s and plotted the vertical waveforms along the epicentral distances for seismic stations calculated using the location of the landslide (Fig. 3 ). We choose this frequency band to detect landslide events because duration of a landslide is generally tens of seconds. From the result, we detected a seismic event occurred at approximately 8:03:40 p.m. with linear time lags for each seismic station, showing a best-fit seismic wave propagation velocity of ~ 3.2 km/s, a typical value for landslide signals (Lin 2015) . By applying the approach developed by Lin et al. (2015) , we further acquired its landslide seismic magnitude (Lm) to be 2.6, which is comparable to that of the Xinmo landslide whose volume and Lm are 4.46 million m 3 and 3.6, respectively ), suggesting a large-scale landslide. We used the following procedure to calculate the Lm for the Xiaoba landslide. First, we filtered the vertical displacement (μm) in a frequency band of 20-50 s; and then determined the maximum amplitude. Finally, we calculated the Lm by using the maximum amplitude and epicentral distance in the empirical formula proposed by Lin et al. (2015) . Although the empirical formula was derived by best-fitting seismic data in Taiwan region, its application can be extended to other regions, since it uses long-period seismic data whose attenuation characteristics are relatively stable in different regions.
Landslide force history
Different from a double-couple (DC) representation for an earthquake source (Aki and Richards 2002) , a landslide source is better represented by a single force (SF) model (e.g., Kanamori and Given 1982; Kanamori et al. 1984; Hasegawa and Kanamori 1987; Dahlen 1993; Fukao 1995; Chao et al. 2017) . It means that a landslide source is equivalent to a time series of force vectors exerted on surface of the solid earth while unloading and reloading, corresponding to bulk acceleration and deceleration of the landslide. During the process, long-period seismic signals are generated and subsequently recorded at seismic stations (e.g., Moretti et al. 2012; Ekström and Stark 2013; Hibert et al. 2014a Hibert et al. , 2015 Chao et al. 2016 ). In computational seismology, a landslide source could be theoretically treated as a moving point mass with time-varying forces, a combination of gravitation, centripetal forces and friction (e.g., Zhao et al. 2015; Gualtieri and Ekström 2018) . However, to simplify computation it is most frequently assumed to be at a fixed location. The assumption is valid for seismic stations with an epicentral distance that is much greater than horizontal dimension of the landslide. Based on the SF representation and the fixed point mass assumption for a landslide source, a landslide seismic record at a given station could be stated as the convolution of the time series of force vectors in the source area with Green's Functions (e.g., Moretti et al. 2012; Allstadt 2013; Ekström and Stark 2013; Yamada et al. 2013; Hibert et al. 2014a; Li et al. 2017) . Landslide force history inversion is the opposite process, deconvolving Green's Functions with seismic records to obtain time series of force vectors. There are two major kinds of approaches in the implementation of the inversion algorithm. One approach parameterizes the time-varying force as a sequence of partially overlapping isosceles triangles and solve for the amplitude of each triangle by best fitting the synthetic and recorded seismograms in a least-square sense (e.g., Ekström and Stark 2013; Hibert et al. 2014a Hibert et al. , 2015 Chao et al. 2016; Kääb et al. 2018; Schöpa et al. 2018) . The other approach directly deconvolves Green's Functions with seismic records to obtain time series of force vectors with or without prior constraints on start and end times of the event (e.g., Allstadt 2013; Yamada et al. 2013; Moretti et al. 2015; Li et al. 2017; Gualtieri and Ekström 2018; Li et al. 2019a) . Basically, these two approaches can give similar results and main differences come from the different frequency bands of seismic data used in the inversion (Moore et al. 2017) .
Using the second approach and the algorithm developed by Li et al. (2017) , we performed an inversion of the long-period seismic signals with a frequency band between 0.015-0.05 Hz (20-66.7 s) to determine force-time history of the Xiaoba landslide. As shown in Fig. 2 , duration of the seismic event is approximately 57.6 s. Therefore, we chose this frequency band to carry out the inversion instead of the one previously used in detection of the event (20-50 s) to cover the broadest cycle of the acceleration and deceleration within possibility. The frequency band of seismic data used in the inversion must fully include the acceleration and deceleration stages of the landslide. Otherwise, the trajectory of the landslide cannot be reconstructed due to the lack of low-frequency energy, and the calculation based on the inversion results is also unreliable. Uncertainties in the waveform inversion mainly result from the quality of the seismic data. As demonstrated by Chao et al. (2016) , only seismic stations with good signal-to-noise ratio (SNR) are sufficient to produce reliable inversion results. Moretti et al. (2015) showed that the force could be recovered with a good accuracy by using only one seismic station as long as the seismic data quality is high enough. Table 1 gives the SNR for the seismic traces at the closest six seismic stations, from which we selected ten traces with good SNR to carry out the waveform inversion. For seismic data processing, we first removed instrumental response for each seismic record to get displacement; and subsequently band pass filtered the seismic records in the desired frequency band using a fourth-order Butterworth filter; finally we resampled seismic records to 0.2 s. Green's Functions are calculated for each seismic station using a matrix propagation method developed by Wang (1999) . The velocity model used in calculation is derived from Crust1.0 (https ://igppw eb.ucsd.edu/~gabi/crust 1.html). Location of the landslide was simultaneously acquired using a refined grid search method. We calculated Green's Functions at each source node shown in Fig. 4 using black points and determined the corresponding force-time history by best-fitting synthetic waveforms to the seismic data in a least-square sense. Contour lines of normalized residuals are provided in Fig. 4 , indicating that the inversion converged to the actual landslide location (Xing et al. 2016; Lin et al. 2018) with an error of ~ 3.0 km. The best-fitting landslide location allows us to confirm that the seismic energy recorded by seismic stations was indeed generated by the landslide. The location error is negligible compared to the epicentral distances for seismic stations used in the inversion. Also, long-period seismic signals are not sensitive to spatial dimension of hundred-to-ten meters. Therefore, the inverted forces would not be influenced much by the location error.
To improve computational efficiency, the inversion was carried out in the frequency domain and an inverse Fourier transform was subsequently performed on the solution to determine force-time histories for three components. The well-fit synthetic and recorded seismic waveforms shown in Fig. 5 and the high cross-correlation (CC) and variance reduction (VR) between synthetic and recorded seismograms provided in Table 1 suggest a high quality in the inversion results. To analyze the inversion stability, we followed the approach of Moretti et al. (2015) ; firstly extracted 80-100% seismic traces to carry out the inversion, and secondly determined the 90% confidence interval for the multiple inversion results, shown in Fig. 6 . We observe that the inversion results are very stable. Figure 7a shows the results of the inversion for the landslide force history, revealing that the landslide started at 08:03:56.6 p.m. The maximum force for the landslide is 5 × 10 9 N, and the duration of the landslide is 38.4 s. Since the inversion results represent force-time series exerting on surface of the solid earth, the forces acting on the sliding body can be easily calculated by simply multiplying by − 1 according to the action-reaction law (e.g., Kanamori and Given 1982; Allstadt 2013; Yamada et al. 2013; Li et al. 2017) . Integrating the force-time history with respect to time once and twice, respectively, and dividing by an average mass of the sliding body, we estimated its velocities and displacements. Figure 7b , c shows the absolute velocity and displacement of the sliding body. The mass of the sliding body used in the calculation is estimated to be 2.961 × 10 9 kg using a volume of 1.41 × 10 6 m 3 (Xing et al. 2016; Lin et al. 2018 ) and a density of 2.1 × 10 3 kg/m 3 , which Xing et al. (2016) found to be suitable for simulating the landslide-induced impulse water generation and propagation. Estimations for the landslide mass using empirical Chao et al. (2016) and Ekström and Stark (2013) are 2.052 × 10 9 kg and 2.736 × 10 9 kg, respectively, providing independent constraint on sliding mass rapidly after event occurrence with high reliability. Reconstructed horizontal path of the sliding body in Fig. 1a gives the best-fit azimuth of 132°, comparing perfectly with the satellite image after the sliding (Lin et al. 2018) . Projecting the horizontal components of the displacement of the sliding body to its movement direction, we acquired a movement profile for the mass center along the path that is plotted in Fig. 1c .
Dynamics of the Xiaoba landslide
Based on the inversion results, we divide the landslide into three stages. In the first stage (0-13.2 s), the sliding body gradually accelerates after a smooth initiation and reaches its maximum velocity of 12.4 m/s at 13.2 s. This result is consistent with the dynamic simulation for the landslide carried out by Xing et al. (2016) . The simulation gave maximum front velocity and mean velocity of 27.6 m/s and 10.6 m/s, respectively, occurring 9.2 s after the initiation (Fig. 1b) . Keep in mind that the inversion treated the sliding body as a point mass, therefore, the inversion results mainly represent movement characteristics of the mass center and are more like a mean velocity of the sliding mass. Using the location of the mass center in the source area before sliding as a starting point, we superpose the inverted horizontal and vertical trajectories of the sliding mass on profiles of the landslide (Fig. 1a, c) for comparison. In the second stage (13.2-24.2 s), the sliding body decelerates due to reduction in the dip angle along the path. As shown in Fig. 1b , the mass center reaches the toe of the slope at the end of this stage. Figure 1a , b reveals that both of the reconstructed horizontal and vertical paths of the mass center for the first two stages fit perfectly with the satellite image and the landslide profile after the landslide, suggesting that the mass center moved on the slope during the first two stages (0-24.2 s) and left the slope, plunging into the quarry in the third stage (24.2-38.4 s). In this stage, forces exerting on surface of the solid earth involve interactions with water, generating impulse wave that caused significant damage to local residents (Xing et al. 2016) . As the additional interaction mechanism is involved, the action-reaction law between the sliding body and the solid earth does not work anymore. Therefore, the estimated velocity and displacement (Fig. 6b , c) for this stage become meaningless. Nevertheless, we observed the maximum force for this stage to be 2.56 × 10 9 N, suggesting a strong interaction with water. In this stage, the highest force existed in the north-south direction. As shown in Fig. 1a , the depositional areas of zones b, c and d are located to the east of zone a, i.e., the quarry, indicating that the forces generated by the water impulse were fully released in the east-west direction by flushing over the bank and the forces in the north-south direction were recorded by the seismic stations. As initially proposed by Brodsky et al. (2003) , landslide basal friction can be estimated from seismic observations based on a block model. They consider all components of the force in their formula, but choose to only use the horizontal one in the calculation, since in previous researches landslide sources are frequently treated as a nearly horizontal single force (e.g., Kanamori and Given 1982; Kanamori et al. 1984; Dahlen 1993) . However, with the development of the long-period seismic inversion, three-dimensional forces of landslides are rebuilt and the vertical forces are also taken into account in the estimation of landslide basal friction (e.g., Allstadt 2013; Yamada et al. 2013; Zhao et al. 2015; Li et al. 2017) . Using the following equation (e.g., Yamada et al. 2013; Li et al. 2017) , we calculated basal friction coefficient for the landslide:
where f is the total force, m is the mass of the sliding body, g is the gravitational acceleration, is the dip angle of the slope, and is the basal friction coefficient. Projecting the inversion results onto the sliding path, we acquired the force (Fig. 8a) on the sliding body with a shape that is very similar to the theoretical simulation (Brodsky et al. 2003) . The sliding mass was estimated to be 2.961 × 10 9 kg. Different from the approach of Yamada et al. (2013) and Li et al. (2017) , in which they only used the mean dip angle in calculation, we used the varying dip angle for each location (Fig. 8b) , and the calculated basal friction coefficients are provided in Fig. 8c . Neglecting boundary effects at both sides, we observed that the friction coefficient rapidly decreases during the first 9.5 s of the landslide and reached a relatively steady-state value of ~ 0.4 at a steady-state distance (D c ) of 35 m. These values are consistent with the results of Yamada et al. (2013) . After that, the friction coefficient reduces in a near-linear manner with the best-fit formula as follows:
where d is the sliding distance in km.
Empirical laws of effective friction reduction with increasing landslide volume and sliding velocity have been proposed based on numerical modeling of landslides over the real 3D topography (Lucas et al. 2014; Delannay et al. 2017; Spreafico et al. 2018) . The empirical law with respect to landslide volume gives a friction coefficient of 0.33 for the Xiaoba landslide using the volume of 1.41 × 10 6 m 3 . This result is very close to our mean value of 0.31 (excluding boundary effects). If we take into account the friction coefficient during the initial accelerating stage, our mean value is 0.37 (Fig. 9a ), slightly larger than that estimated from the empirical law. This result is consistent with Moretti et al. (2015) , who = −1.4d + 0.44 found that the best-fitting friction coefficient for the Mount Meager landslide was 0.33, lower than that estimated by Allstadt (2013) (0.38). Lucas et al. (2014) interpreted the volume dependence of landslide effective friction as velocity dependence and gave a function with best-fitting parameters to describe the relationship in between. As a comparison, we show our friction coefficients with the sliding velocity in Fig. 9b . At the acceleration stage, our result fits perfectly with their predicated curve, especially after the stable state velocity; however, at the deceleration stage, our result does not make it possible for the friction coefficient to increase again that a velocity-dependent friction law would allow, indicating that changes in the landslide basal status occurred in the acceleration stage can affect the effective friction in the deceleration stage. By comparing the forces obtained from a numerical simulation to those resolved from seismic waveform inversion, Yamada et al. (2018) derived velocity-dependent friction laws for four landslides occurred in Japan with volumes of 2-8 × 10 6 m 3 . We compare our result with their friction law for the Nonoo landslide whose volume is the closest to the Xiaoba landslide. As illustrated by Fig. 9b , the reduction in friction with respect to velocity is observed by both results. However, their friction law does not distinguish between the acceleration stage and the deceleration stage. Our result gives reduction in friction in the acceleration stage which is compatible with their friction law but with larger values and continues to decrease in the deceleration stage showing different characteristics and smaller values. Their result is like the average of our results for the two stages.
Conclusions
We recognized the seismic event related to the catastrophic Xiaoba landslide occurred at about 8:04 p.m. (Beijing Time, UTC + 8) on August 27, 2014, from band-pass-filtered seismic records in a frequency band of 20-50 s. We performed a long-period seismic waveform inversion and obtained the force-time history for the landslide. The inversion results reveal that the maximum force for the landslide is 5 × 10 9 N, and the duration of the landslide is 38.4 s. Based on the inversion results, we divided the landslide into three stages 
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Coefficient of Friction Fig. 9 a Comparison with other studies. Results of the x marks are obtained by the numerical simulation benchmarked by the deposits, circles are obtained by the numerical simulation benchmarked by the seismic signals, and triangles are obtained by the force history of seismic waveform inversion (adapted from Fig. 7b in Yamada et al. (2018) ). b The estimated basal friction coefficient as a function of the flow velocity (color solid circles), the empirical relationship from Lucas et al. (2014) (red line) and the friction law for the Nonoo landslide (black line) from Yamada et al. (2018) with durations of 13.2 s, 11 s and 14.2 s, respectively. The landslide reached its maximum velocity of 12.4 m/s at the end of the first stage, and the mass center plugged into the quarry at the second stage. The last stage of the landslide involves interactions with water in the quarry below the source area, generating a maximum force of 2.56 × 10 9 N. Weak interaction and fragmentation occurring during the landslide characterized by lacking high-frequency energy in seismic records and perfect inversion results allow us to study dynamic evolution of basal friction for the landslide. We estimated basal landslide friction coefficients from the inversion results, using the varying dip angle for each mass center location. We conclude that the friction coefficient rapidly reduces to a relatively steady-state value of ~ 0.4 at a distance of 35 m and subsequently reduces in a near-linear manner that satisfies the formula = −1.4d + 0.44 , where d is sliding distance in km. The reduction in friction revealed by the formula is compatible with the finding of Yamada et al. (2018) for landslides of similar volume. However, our result does not make it possible for the friction coefficient to increase again in landslide deceleration stage that a velocitydependent friction law would allow; indicating that changes in the landslide basal status occurred in the acceleration stage can affect the effective friction in the deceleration stage. The friction variation patterns can be used to constrain input parameters in numerical landslide simulations as have been done by (Moretti et al. 2015) and (Yamada et al. 2016b (Yamada et al. , 2018 based on the results from (Allstadt 2013) and (Yamada et al. 2013) , respectively. By comparing basal friction coefficients estimated from long-period seismic waveform inversion for other landslides and the prediction using the formula, it is also possible to study interactions and fragmentations occurred during the landslide and the energy budget involved in the process.
